The Earth's climate is largely determined by its energy budget. Since the 1960s, satellite remote sensing has been used in estimating these energy budget components at both the top of the atmosphere (TOA) and the surface. Besides the broadband sensors that have been traditionally used for monitoring Earth's Energy Budget (EEB), data from a variety of narrowband sensors aboard both polar-orbiting and geostationary satellites have also been extensively employed to estimate the EEB components. This paper provides a comprehensive review of the satellite missions, state-of-the art estimation algorithms and the satellite products, and also synthesizes current understanding of the EEB and spatiotemporal variations. The TOA components include total solar irradiance, reflected shortwave radiation/planetary albedo, outgoing longwave radiation, and energy imbalance. The surface components include incident solar radiation, shortwave albedo, shortwave net radiation, longwave downward and upwelling radiation, land and sea surface temperature, surface emissivity, all-wave net radiation, and sensible and latent heat fluxes. Some challenges, and outlook such as virtual constellation of different satellite sensors, temporal homogeneity tests of long time-series products, algorithms ensemble, and products intercomparison are also discussed.
Introduction
Earth's energy budget (EEB) is usually referred to as a balance between the energy coming into the Earth system from the Sun at the top-of-atmosphere (TOA), denoted as incoming shortwave radiative flux -F 0 , against energy lost to space that consists of reflected shortwave (F s ) and emitted longwave (F l ) radiative fluxes. EEB at the TOA, often called energy imbalance, can be characterized by net radiation F n between incoming (F 0 ) and outgoing radiative fluxes (F s and F l ) accounting for the remainder on the Earth system -land surfaces, oceans, and atmosphere:
where a TOA is the planetary albedo, or Bond albedo, defining the fraction of incident global mean shortwave radiative flux reflected to space. These four quantities (F 0 , F s /a TOA , F l and F n ) will be discussed in Section 3.1-3.4, respectively.
Surface energy balance is central to characterizing surface ecological, hydrological and biogeochemical processes. The surface energy balance equation can be written as
Where R n is all-wave net radiation, G is soil heat flux, H is sensible heat flux, and λET is latent heat flux in which λ is the latent heat of evaporation of water and ET is the rate of evaporation of water. From the perspective of the surface radiation budget (SRB), the net radiation (R n ) represents the balance between incoming radiation from the atmosphere and outgoing radiation from the Earth's surfaces. All-wave net radiation is the sum of shortwave net radiation (R s n ) and longwave net radiation (R l n ), and can be expressed by
where a sw is surface shortwave broadband albedo, F s d is shortwave downward fluxes incident on the surface, F l d and F l u are longwave downward and upwelling radiation, ε is the surface longwave broadband emissivity, T s is the surface skin temperature, and σ is Stefan-Boltzmann's constant.
Surface net radiation and heat fluxes will be discussed in Section 4, including Section 4.1 on incident solar radiation (F s d ), Section 4.2 on broadband albedo (a sw ), Section 4.3 on shortwave net radiation (R s n ), Section 4.4 on longwave downward radiation (F l d ), Section 4.5 on longwave upwelling radiation (F l u ) with subsections on land surface temperature (LST) (Section 4.5.1), land surface emissivity (Section 4.5.2), sea surface temperature (SST) and emissivity (Section 4.5.3), hybrid method (Section 4.5.4) and mean and variations (Section 4.5.5), Section 4.6 on all-wave net radiation (R n ), and Section 4.7 on both sensible and latent heat fluxes (H and λET).
Energy at TOA could be balanced for an equilibrium state without climate change. However, the natural variability of the climate system and anthropogenic intensification of the atmospheric greenhouse effect and land surface changes over recent decades have caused extensive variations in TOA radiative fluxes resulting in TOA energy imbalance (Hansen et al. 2011; Johnson, Lyman, and Loeb 2016; Trenberth et al. 2016; von Schuckmann et al. 2016 ). Satellite observations can be used to estimate the radiative fluxes at the TOA and the surface Loeb, Doelling, et al. 2018) , and to further evaluate the changes in atmospheric and surface properties, such as ocean heat transports (Trenberth and Fasullo 2017) , cloud amounts and processes, and radiative forcing of aerosols (Satheesh and Ramanathan 2000; Sundström et al. 2015) and sea-ice and snow albedo Chen et al. 2015; Flanner et al. 2011; Hartmann and Ceppi 2014; Pistone, Eisenman, and Ramanathan 2014) .
Estimation of the radiative fluxes of the Earth system has been traditionally based on broadband sensor observations, such as the Clouds and the Earth's Radiant Energy System (CERES) Loeb et al. 2017) . However, considerable progress has been made in estimating these radiative fluxes, particularly at the surface, from narrowband (multispectral) sensor data, such as the Advanced Very High Resolution Radiometer (AVHRR) and the Moderate Resolution Imaging Spectroradiometer (MODIS). With the increased volume of satellite observations from both broadband and multispectral sensors onboard both polar-orbiting and geostationary satellites, numerous EEB products have been generated for various applications. It is, therefore, important to review the development and synthesize recent research results.
To provide quantitative information of these radiation fluxes, we calculated the mean values from four studies (L'Ecuyer et al. 2015; Stephens et al. 2012; Trenberth, Fasullo, and Kiehl 2009; Wild et al. 2015) and displayed them in Figure 1 . Since the estimates of sensible and latent heat fluxes from these four studies vary considerable, a range of values with the minimum and maximum values from these four studies is given for each quantity in Figure 1 . Although these studies used different approaches and data sources, they continue to be highly regarded. Table 1 shows the major differences in their data sources and methods. This paper is largely expanded and updated from a recent book chapter (Liang 2017) , and provides a comprehensive review of the historical development in monitoring the EEB components. It starts with an overview of the satellite missions and the onboard relevant sensors, then discusses the Table 1 . Selected four studies in this paper: data sources used and some general comments.
Selected studies
Major data sources Comments Trenberth, Fasullo, and Kiehl (2009) CERES and ERBE flux products; reanalyses (NRA, ERA-40, JRA); cloud properties from ISCCP-FD; precipitation data (GPCP and CMAP); surface flux atlases (SOC, WHOI, HOAPS-3)
An update from their earlier study in 1997 Energy balanced at both the TOA and the surface; Two sets of estimates were given for the ERBE period (February 1985 to April 1989 The downward longwave radiation at the surface is larger by 10-17 Wm −2 ; Larger evaporation (latent heat flux) due to more precipitation Mean values from 2000 to 2010 TOA energy imbalance F n = 0.6 + 0.4; surface energy imbalance 0.6 ± 17 Wild et al. (2015) TOA fluxes: CERES EBAF 2.7 products; Land measurements: GEBA and BSRN; Ocean buoy data: IMET, PIRATA, TAO/TRITON; Simulation data of 43 CMIP5 models
Surface observations were used to constrain the model simulations for land and ocean separately; CERES products for the TOA fluxes. The differences between the TOA and the surface for quantifying atmospheric energy budget Uncertainties are also given for each flux The mean energy imbalance at the TOA and at the surface are 1 and 0.6 Wm , respectively L'Ecuyer et al.
CERES and AVHRR SRB, ISCCP-FD, 2B-FLXHR-lidar, C3M, SeaFlux, Princeton ET, MERRA, GLDAS, GPCP v2.2
A variational data assimilation method was used to integrate various independent data sources by explicitly accounting for their relative accuracies The yielded energy budget estimates simultaneously satisfy all energy and water cycle balance constraints Note: The full names of various data sources are available in the cited references.
EEB at the TOA and at the surface. Many of these quantities are identified as the essential climate variables (ECV) by the Global Observing System for Climate (GCOS) (GCOS 2016) , such as Total Solar Irradiance (TSI), TOA reflected radiation, OLR, surface incident and reflected shortwave radiation, surface downward and upward longwave radiation, SST, LST and surface emissivity. Future challenges and prospects are also discussed. House et al. (1986) reviewed the historical satellite missions and their measurements of the Earth's radiation budget from the beginning of the satellite era until 1984. Since the 1960s, meteorological satellites have dramatically advanced our understanding of the EEB. In contrast to ground-based observations, space-borne observations have the advantage of global coverage. All satellite sensors can be classified as either broadband or narrowband, onboard either polar-orbiting satellites or geostationary satellites.
Overview of the satellite missions and sensors
Space-borne measurements of TSI have been ongoing through a series of temporally-overlapping sensors (Dewitte and Clerbaux 2017; Kopp 2017) . The Earth Radiation Budget (ERB) instrument, launched on NASA's NIMBUS 7 spacecraft in November 1978, was the first long-duration spaceflight TSI instrument. Several satellite missions are still operational for making time series measurements, such as the Total Irradiance Monitor (TIM) (Kopp, Lawrence, and Rottman 2005) abroad the SOlar Radiation and Climate Experiment (SORCE) launched in January 2003, the Total Solar Irradiance Monitor (TSIM) (Fang et al. 2014; ) instrument abroad Chinese FY3B launched in 2011 and FY3C launched in 2013.
For monitoring TOA reflected radiation and OLR, the typical broadband radiometers are summarized in Figure 2 . The broadband sensors on the US polar-orbiting satellites include the ERB aboard Nimbus-7 (Jacobowitz and Tighe 1984) , the Earth Radiation Budget Experiment (ERBE) aboard three satellites (Barkstrom and Smith 1986) , and CERES (Wielicki et al. 1998) . So far, six CERES instruments have been flying on four different spacecraft : one aboard NASA's Tropical Rainfall Measuring Mission (TRMM) spacecraft on 27 November 1997, two aboard NASA's Earth Observing System (EOS) Terra Spacecraft since 18 December 1999 with a 10:30 am. Equatorial crossing time, two onboard NASA's EOS Aqua spacecraft launched on 4 May 2002 with a 1:30 pm. Equatorial crossing time (ECT), one on the Suomi National Polar-orbiting Partnership (S-NPP) spacecraft on 28 October 2011, and one on the first Joint Polar Satellite System (JPSS-1) spacecraft launched on 10 November 2017. The orbit for both S-NPP and JPSS-1 is a 1:30 pm. ECT. CERES has three broadband channels: shortwave (0.3-5 µm), thermal (8-12 µm) and total (0.3- Figure 2 . Satellite broadband sensors for measuring TOA reflected shortwave and outgoing longwave radiation abroad polar-orbiting satellites (all except two) and geostationary satellites (GERB and BOS). >100 µm). Building a CERES follow-on RBI (Radiation Budget Instrument -RBI) instrument that was planned to fly on JPSS-2 was unfortunately cancelled by NASA in January 2018 due to cost overruns for building the RBI.
In addition to the US satellites, there are several other broadband sensors on polar-orbiting platforms. The Scanner for Radiation Budget (ScaRaB) (Kandel et al. 1998; Sathiyamoorthy et al. 2013) , jointly developed by France, Russia, Germany and India, is a four-channel scanning radiometer, aboard on Meteor 3-6 launched on 25 January 1994 for 13 months, Resurs-01-4 launched on 10 July 1998 for 7 months and Megha-Tropiques launched on 12 October 2011 for over five years (still operational). It has two broadbands (0.2-4 µm and 0.2-50 µm) for radiation budget and two narrowbands (0.5-0.7 µm, 10.5-12.5 µm) for scene identification. The spatial resolution at nadir is around 50 km. The Chinese meteorological FY3 satellites carry the Earth Radiation Measurement (ERM) instrument with two broadband channels (0.2-4.3 µm and 0.2-50 µm). FY3A was launched 27 May 2008 (Dong et al. 2009 ).
There are also multiple broadband sensors abroad geostationary satellites such as the Geostationary Earth Radiation Budget (GERB) sensors, carried by Meteosat-8 launched in 2002 , and Meteosat-9, launched in 2007 (Brindley and Russell 2017 , and the broadband bolometric oscillation sensor (BOS) operated as a part of the payload of PICARD between June 2010 and March 2014 (Zhu et al. 2015) . In addition to conventional geostationary satellites, the Deep Space Climate Observatory (DSCOVR) satellite, placed at the neutral gravity point between the Earth and the Sun (Lagrange point 1), has been offering high temporal observations (15-60 min) of the sunlit side of the Earth since 2015. The National Institute of Standards & Technology Advanced Radiometer (NISTAR) and Enhanced Polychromatic Imaging Camera (EPIC) onboard Deep Space Climate Observatory (DSCOVR) provide broadband and multispectral observations, respectively, with a unique perspective into Earth's energy balance since the radiation quantities are retrieved for the entire sunlit globe from sunrise to sunset multiple times per day as the Earth rotates in EPIC's field of view (Herman et al. 2018) .
The multispectral sensors aboard both polar-orbiting and geostationary satellites have also been used to estimate EEB radiative fluxes, such as the Medium-Resolution Infrared Radiometer (MRIR) experiment on the Nimbus 2 and 3 spacecraft (Raschke and Bandeen 1970) , the Spinning Enhanced Visible and Infrared Imager (SEVIRI) radiometers onboard the METEOSAT Second Generation (MSG) satellites (Schmetz et al. 2002) , Geostationary Operational Environmental Satellites (GOES) (Pinker et al. 2007) , the Advanced Baseline Imager (ABI) carried by GOES-R that has been renamed to GOES-16 (Laszlo et al. 2008) , the Advanced Himawari Imager abroad Himawari-8 , and MODIS .
TOA energy budget
This section will present the following four components: total solar irradiance (TSI), planetary albedo, outgoing longwave radiation (OLR) and energy imbalance.
Total solar irradiance (TSI)
Total solar irradiance (TSI) measurements and their time series are required to support the work of the United Nations Framework Convention on Climate Change (UNFCCC) and the Intergovernmental Panel on Climate Change (IPCC). Many satellite sensors have been used to monitor TSI. Kopp (2017) provided a comprehensive overview of the sensor development and their measurements. The earlier sensors provided larger estimates of solar constant that is integrated from TSI over all wavelengths, but the currently accepted solar constant value is much lower than the earlier estimates. Solar constant S = 1361 Wm The SOLar SPECtrometer (SOLSPEC) instrument of the SOLAR payload on board the International Space Station (ISS) has performed measurements of solar spectral irradiance from the middle ultraviolet to the infrared (165-3088 nm) ranges. The integral of the SOLAR-ISS solar spectrum yields a solar constant of 1372.3 ± 16.9 Wm −2 at 1σ , which is 11 Wm −2 larger than the recommended value but close to the estimated values by earlier sensors. Based on the integrated observations, Gueymard (2018) recently obtained the solar constant of 1361.1 Wm −2 with standard uncertainty of 0.5 Wm −2 . The good news is that new missions that attempt to provide better TSI estimates are on-going. For example, the Total and Spectral solar Irradiance Sensor (TSIS) (http://lasp.colorado.edu/home/missions-projects/quick-facts-tsis/) was launched to the International Space Station on 15 December 2017 and powered on in March 2018 extending the long record of the solar spectrum measurements.
Planetary albedo/ reflected shortwave radiation
The fraction of the incoming solar energy reflected by Earth back into space is usually called the planetary albedo. Given F 0 , the planetary albedo is equivalent to the reflected shortwave radiation.
The planetary albedo is a fundamental component of the processes that govern the magnitude, distribution, and variability of Earth's climate and climate change (Stephens et al. 2015) . In the absence of climate feedbacks, the present-day value is 0.3, which means 30% of the incident solar radiation reaching Earth is reflected back into space and 70% is absorbed by the surface-atmosphere system that is essential to providing the energy necessary to sustain life on Earth. A 5% change in the magnitude of planetary albedo corresponds to a global surface temperature change of approximately 1 K (North, Cahalan, and Coakley 1981) . If the average incident solar radiative flux is 340.25 Wm −2 , a change in planetary albedo of 0.01 represents a global energy balance change of 3.4 Wm , similar in magnitude to the impact of doubling carbon dioxide in the atmosphere ).
Based on model simulations, Donohoe and Battisti (2011) found out that the majority of observed global average planetary albedo (88%) is due to atmospheric reflection. Surface reflection makes a relatively small but still significant contribution, particularly the high reflective surfaces such as variability caused by arctic sea ice retreat Hartmann and Ceppi 2014; Pistone, Eisenman, and Ramanathan 2014) , and land surface snow cover variations Chen et al. 2015 Chen et al. , 2017 Flanner et al. 2011) . Accurate quantification of the radiative forcing due to these surface changes requires further investigations.
Ground measurements of Earthshine by observing the Moon can also be used as proxy to indirectly determine the planetary albedo. It is based on the photometric ratio of the dark (Earthshine) to the bright (Moonshine) sides of the Moon (Palle et al. 2004 (Palle et al. , 2016 . However, satellite remote sensing is the only means to directly monitor the spatial and temporal variations in global planetary albedo. Both broadband and multispectral narrowband satellite data have been used for estimating planetary albedo. For broadband sensor data acquired from both geostationary and polar-orbiting satellites, there are two methods for calculating planetary albedo: empirical angular conversion and radiative transfer computation. The CERES science team uses both methods for estimating planetary albedo/reflected radiative flux . Since broadband sensors observe Earth at a specific viewing direction, the first approach develops the angular distribution models (ADM) to convert the observed directional radiances to all-directional flux . The second approach calculates the planetary albedo using a radiative transfer model with the inputs of atmospheric and surface properties from other sources (e.g. high-level satellite products, reanalysis data), and is constrained by satellite sensor recorded radiances.
Compared to broadband sensors, data from multispectral radiometers are more profuse and offer higher spatial resolution. Some researchers have attempted to take advantage of such multispectral satellite imagery to retrieve planetary albedo Niu and Pinker 2012; Song et al. 2018; Wang and Liang 2016, 2017) . Niu and Pinker (2012) developed a two-step approach to first convert narrowband radiance measured by Spinning Enhanced Visible Infrared Imager (SEVIRI) to broadband radiance and then apply ADMs to retrieve TOA albedo. Wang and Liang (2016, 2017) developed a direct estimation method to retrieve TOA albedo over land from multispectral data collected by MODIS, which combines the angular conversion of radiance to irradiance and the spectral conversion of narrowband to broadband through extensive radiative transfer simulations. The direct estimation methods rely only on satellite observations without using any additional ancillary information. This approach can produce the TOA albedo product at the native spatial resolution of the satellite data. Lee et al. (2018) applied a similar method to estimate TOA albedo from Himawari-8 AHI data.
One of the advantages of estimating planetary albedo from narrowband sensors is the ability to produce long-term and high-resolution satellite products. For example, Song et al. (2018) developed a long-term global TOA albedo product over land from AVHRR data at a very high spatial resolution (0.05°) in conjunction with MODIS and CERES products. Urbain et al. (2017) processed the Satellite Application Facility on Climate Monitoring (CM SAF) TOA Radiation MVIRI/ SEVIRI data record to generate the regional high-resolution TOA albedo. There are several other regional long-term and high-resolution products shown in Table 2 .
For both broadband and narrowband sensors, a temporal conversion is needed to convert instantaneous fluxes to hourly, daily, and further monthly values. For geostationary satellite data, such as Geostationary Earth Radiation Budget (GERB) (Brindley and Russell 2017) , this procedure is straightforward. For polar-orbiting satellite data, different methods have been used, for example, the CERES team uses global geostationary observations to characterize the temporal variations (Doelling et al. 2013 ). Wang and Liang (2017) directly estimated daily albedo from the combined Terra and Aqua MODIS observations by assuming constant atmospheric conditions between observations.
Availability of satellite products of TOA albedo enables better understanding of its spatial and temporal variations. According to these CERES Energy Balanced and Filled (EBAF) product Ed4.0 , annual mean all-sky reflected flux is 99.1 Wm −2 (equivalent to a global albedo of 0.291). The clear-sky reflected flux is 53.3 Wm −2 (an albedo of 0.154). The difference between these fluxes (45.8 Wm −2 ) is taken to be a measure of the cloud influence on the reflected radiative flux. There was a general decreasing trend (−0.57 ± 0.19 Wm 1994-1995; 1998-1999; 2011-present Urbain et al. (2017) anomalies in the Arctic sea ice coverage during the early 2000s (Hartmann and Ceppi 2014) . In another study, Loeb, Thorsen, et al. (2018) assessed the impacts of the climate warming hiatus and found a marked 0.83 ± 0.41 Wm −2 reduction in global reflected shortwave TOA flux during 2000-2017 compared to the hiatus reference years from 2000 to 2014 due to changes in low cloud cover.
The seasonal cycles of planetary albedo are largely influenced by surface albedo (Stephens et al. 2015) . The annual cycle of all-sky albedo has two main maxima: a boreal spring-time maximum resulting from the reflection off the brighter snow-covered land surfaces between 30°N and 60°N, and a weaker maximum in the boreal fall season influenced by reflection from mid-latitude clouds of the South Hemisphere (SH). Stephens et al. (2015) further found out that the North Hemisphere (NH) and SH reflect the same amount of sunlight within ∼ 0.2 Wm
. This symmetry is achieved by increased reflection from SH clouds offsetting precisely the greater reflection from the NH land masses.
Outgoing longwave radiation (OLR)
OLR (F l ) is not only an important component of EEB, but is also widely used as a tool in numerous applications, such as climate sensitivity and diagnosis, weather and climate predictions, studies on monsoon variability and equatorial waves. OLR is considered as a proxy for the deep convection and used as a heuristic indicator of cloudiness or for precipitation estimation. OLR anomalies may also be explored to link with earthquakes because these events can generate thermal anomalies in the atmosphere at low latitudes due to the overabundance of ions from the seismogenic zone (Chakraborty et al. 2018; Shah et al. 2018) .
The satellite OLR products are usually generated from broadband sensors (e.g. CERES), but multispectral data also have been used for generating the OLR products (see Table 3 ). Radiance of an atmospheric window band is sensitive to the thermal emission from the climate system. A wellknown method is the use of a single infrared (IR) window band centered at 12.0 μm. Schmetz and Liu (1988) included a water vapor band (e.g. 6.7 μm) aboard the geostationary satellite Meteosat 2 to consider the effect of water vapor in the troposphere. Inoue and Ackerman (2002) used AVHRR two adjacent window bands (e.g. 10.8 and 12.0 μm) to achieve better accuracy over regions with lowlevel clouds or no clouds. Park et al. (2015) used three channels (6.7, 10.8, and 12.0 μm) from the first Korean geostationary satellite -Communication, Ocean and Meteorological Satellite (COMS). Kim et al. (2018) estimated OLR from one window channel (12.4 μm) and two channels (6.2 and 12.4 μm) from Himawari-8 AHI data with good agreement with the CERES OLR product. Zhou et al. developed the direct estimation method to derive the narrowband to broadband regression coefficients at the detailed viewing zenith angle intervals to estimate OLR directly from MODIS (Zhou et al., "Estimating High Spatial Resolution," 2019) and AVHRR (Zhou et al., "Generating 35-Year High-Resolution," 2019) multispectral thermal data.
The CERES OLR product ) is based on radiative transfer calculation with inputs of ancillary information of atmospheric and surface properties from other high-level satellite products and reanalysis data, constrained by the CERES observations. Loeb, Doelling, et al. (2018) Su et al. (2017) determined the trends of tropical (30°N -30°S) mean daytime and nighttime OLRs from both the CERES and the AIRS from 2003 to 2013, and found decreasing trends because of El Nino conditions early in the period and La Nina conditions at the end. However, the daytime OLR decreased much faster than nighttime, and the causes for the different decreasing rates are unclear.
Energy imbalance
Satellite observations can be used to monitor changes in TSI, reflected solar, emitted thermal, and hence, net radiation at the TOA with spatial scales from regional to global, and temporal scales from daily to annual. A limitation of the satellite data is their inability to provide an absolute measure of the net TOA radiation imbalance to the required accuracy level because the net TOA radiation imbalance is the difference between incoming and outgoing radiation quantities that are well over two orders of magnitude larger than the net TOA imbalance. Relatively small uncertainties of these radiative fluxes may lead to large errors in estimating TOA energy imbalance. , much larger than expected . Note that as uncertainty stems mostly from biases, changes over time can be tracked.
It is necessary, therefore, to anchor the satellite data to an absolute scale using other data. Since changes in the energy of the atmosphere, land, and cryosphere are much smaller (Hansen et al. 2011; Trenberth, Fasullo, and Balmaseda 2014) , with over 90% of Earth's energy imbalance being stored in the oceans, the most accurate way to determine it is to measure increases in ocean temperatures (along with increases in land temperatures, decreases in ice mass, and increases in atmospheric temperature and moisture). Observations of trends in ocean heat content (OHC) enable the satellite estimates to be anchored to obtain an absolute value heat uptake (Johnson, Lyman, and Loeb 2016; Loeb et al. 2012) , as well as providing independent estimates of variations in TOA net radiation. Loeb et al. (2012) adjusted the satellite-based net radiation to be 0.50 ± 0.43 Wm −2 over the period July 2005 to June 2010 based on ocean measurements to depths of 1,800 m. Johnson, Lyman, and Loeb (2016) updated the estimation and found a net heat uptake of 0.71 ± 0.10 Wm −2 from 2005 to 2015. In their study, they found the correlation between year-to-year rates of 0-1,800 m ocean heat uptake and the latest release of CERES net radiation is a muchimproved 0.78. This striking agreement between two completely independent measures bolsters confidence in both of these complementary climate observation systems and provides valuable insights into climate variability. Nevertheless, it is important to point out that no consensus on the magnitude of the TOA energy imbalance has been reached. For example, Trenberth et al. (2016) provided a higher estimate of TOA net radiation with a larger uncertainty: 0.9 ± 0.3 Wm Based on the CMIP5 climate model simulations, Palmer and McNeall (2014) found that the oceans become the dominant energy store in the Earth System on a timescale of about one year and changes in global OHC provide a more reliable indication of TOA variability than global averaged surface temperature. Trenberth et al. (2015) pointed out that TOA net radiation is strongly related to the ocean temperatures' variability: mainly ENSO, especially the 2008/2009 and 2011/2012 cold La Niña conditions not only radiated less to space but also reduced cloudiness and increased ASR, while the reverse occurred for the 2010 El Niño scenario.
Multiple studies also have provided the estimates of temporal variations in TOA net radiation. Allan et al. (2014) estimated the TOA net radiation since 1985 by integrating both the CERES product since 2000 and the ERBE product from 1985 to 1999. These two data sets were homogenized and gaps filled using the ERA Interim reanalysis and high-resolution atmosphere model simulations driven by observed sea surface temperatures and sea ice concentrations. Smith et al. (2015) further extended this analysis to as early as 1960 also by incorporating IPCC AR5 simulations and OHC data. They found that the energy imbalance is increasing, and much of the multiyear variability in Earth's energy imbalance from 1960 to 2000 was externally forced by the volcanic eruptions of Agung (1963 ), El Chichon (1982 ), and Pinatubo (1991 .
There are other methods that can also estimate the TOA energy imbalance. For example, Resplandy et al. (2018) quantified the ocean heat uptake and consequently the TOA energy imbalance by measuring atmospheric oxygen (O 2 ) and carbon dioxide (CO 2 ). When the ocean warms, the soluble concentrations of O 2 and CO 2 decrease, and the amount of gas lost by the ocean can be quantified with the complementary change observed in the atmosphere. They estimated that the ocean gained 1.33 ± 0.20 × 1022 joules of heat per year, equivalent to a TOA energy imbalance of 0.83 ± 0.11 Wm −2 from 1991 to 2016. Hakuba et al. (2019) recently proposed a satellite mission concept based on accelerometry that measures the radiation pressure acting on earth-orbiting satellites. This methodology of deriving the TOA energy imbalance from the net radiation pressure force acting on Earth-orbiting spacecrafts has been actually demonstrated a long time ago (Bernard 1978; Boudon 1986 ). This may provide an independent approach for quantifying global and zonal mean TOA energy imbalance on annual and potentially monthly timescales.
Surface energy budget
Estimating the surface radiative fluxes makes use of diverse methods, which will be discussed in more details in the following sections. We can roughly group them into two types (see Figure 3 ). The first type relies on atmospheric and surface properties (e.g. cloud and aerosol optical depth, water vapor, surface reflectance) retrieved from the current satellite data or input from other sources. The surface radiative fluxes can be estimated from radiative transfer calculations or parametric formulae that are usually fitted from extensive radiative transfer simulations. This type of method is based on a solid physical foundation by taking advantage of rigorous radiative transfer models, and can be used to calculate the radiative fluxes accurately if the input parameters of the atmosphere-surface system are accurate. Since the input parameters most likely come from the multiple sources that may have different spatial and temporal resolutions, however, the estimated surface radiative fluxes usually have coarser spatial resolutions. The uncertainties and inconsistency of the inputs from multiple sources may affect the accuracy and quality of the final products . Besides, this approach also suffers from the issue of data gaps because missing values in any input parameters will lead to data gaps in the retrieved results.
The second type estimates surface radiative fluxes directly from satellite observations, which are usually called the direct estimation methods. They link TOA observations with the surface radiative fluxes using regression/machine learning methods, look-up tables, or other algorithms based on extensive radiative transfer simulations. They are often called hybrid methods because they combine extensive radiative transfer simulations with comprehensive atmospheric and surface properties (physical) with statistical analysis that link the simulated TOA observations and surface fluxes. These types of methods do not need explicit inputs of atmospheric and surface properties, so can be extremely useful when the atmospheric and surface properties are not reliably available or still have large uncertainties. It is also easy to implement. Besides, they can generate the products at the native spatial resolution of the satellite data.
These two types of methods, along with some others, will be presented in detail in a later discussion of the estimation of a specific surface quantity.
Incident solar radiation
The incident solar radiation at surface F s d is required by almost all land surface models and also for generating other high-level land surface products such as ET and vegetation productivity. It can be either directly measured or estimated from surface meteorological observations using various empirical methods based on the relationship between ground-measured radiation and some meteorological parameters such as sunshine duration and temperature (Yang, Koike, and Ye 2006; Yang et al. 2010) . Despite continuous improvements, many regions are still insufficiently covered by direct surface radiation observations, such as vast areas of Africa and South America, as well as ocean areas in general, which prevents a true global assessment.
Spaceborne estimates of incident solar radiation have been reviewed by several studies Pinker, Frouin, and Li 1995; Zhang, Liang, and Wang 2017) . Besides the broadband radiometers (e.g. CERES), satellite data from multispectral sensors on both polar-orbiting or geostationary satellites also have been used to produce incident surface radiation products, such as the MSG/SEVIRI (Schmetz et al. 2002) , GOES (Pinker et al. 2007; Zheng, Liang, and Wang 2008) , Geostationary Meteorological Satellite (GMS) 5 (Lu et al. 2010) , the Multifunctional Transport Satellite (MTSAT) (Huang et al. 2011) , the ABI (Laszlo et al. 2008) , MODIS Zhang, He, et al. 2018 ) and AVHRR Yang, Zhang, et al. 2018) . Table 4 lists some major global incident solar radiation satellite products.
Many estimation methods have been proposed , and two types of algorithms can be grouped for estimating incident solar radiation from satellite observations ). The first approach uses the retrieved cloud and atmosphere parameters from other sources (e.g. high-level products from other satellite data or reanalysis data) input into radiative transfer (RT) models that have different levels of complexity from simple analytical formulae to sophisticated rigorous models (Oreopoulos et al. 2012 ). Many parametrization schemes have been developed as substitutes of complex radiative transfer models Qin et al. 2015; Tang et al. 2016 Tang et al. , 2017 Wang and Pinker 2009) . More sophisticated RT model based methods have also been used for estimating incident solar radiation from the CERES , the International Satellite Cloud Climatology Project (ISCCP) (Zhang et al. 2004) , GEWEX (Pinker et al. 2003) and SEVIRI (Deneke, Feijt, and Roebeling 2008) . This approach has clear physical basis, but uses multiple atmospheric and surface products, such as atmospheric water vapor abundance, aerosol and cloud optical depths, and surface reflectance. It may accumulate the uncertainties from estimating these individual products.
The second approach uses the relationship between the TOA observations and incident surface radiation based on collocated surface measurements or extensive RT simulations. The regression methods correlating surface insolation measurements with satellite TOA data are simple and easily implemented (Fritz, Rao, and Weinstein 1964; Tarpley 1979) , but a drawback is that the regression coefficients may be geographically dependent. Liang et al. (2006; Liu et al. 2008 ) generated the photosynethetically active radiation (PAR) and shortwave radiation products from MODIS data directly by searching the LUTs created by the extensive RT simulations. expanded this approach to retrieve daily PAR from MODIS data onboard two spacecrafts. applied this algorithm to generate the first version of the Global LAnd Surface Satellite (GLASS) radiation products ) by combining multiple geostationary and MODIS satellite data. The LUT method has been used to generate the incident solar radiation product operationally from MODIS data (MCD18) , from AVHRR data (CM-SAF CLARA-A2) (Karlsson et al. 2017) and from MSG/SEVIRI data since 2017 (Romano et al. 2018) .
There are also some other estimation methods, such as the optimization method ) and the machine learning methods Wang, Yan, and Chen 2012; Yang, Zhang, et al. 2018) . Instead of relying on ancillary datasets of atmospheric properties, the optimization method can retrieve aerosol and cloud optical depths and surface reflectance parameters and then further calculate incident solar radiation. Wang, Yan, and Chen (2012) and Ryu et al. (2018) explored the artificial neural network (ANN) to estimate incident solar radiation from MODIS data. Yang, Zhang, et al. (2018) applied the gradient boosting regression tree (GBRT) machine learning method to estimate incident solar radiation over China using the ground observation data collected from the China Meteorological Administration (CMA) Meteorological Information Center and the AVHRR observations at a spatial resolution of 5 km.
Some studies have attempted to evaluate different algorithms and products. Qin et al. (2018) compared the performances of four algorithms for estimating surface incident solar radiation using MODIS atmospheric and surface products over China. Based on extensive ground measurements, Zhang et al. (2015) evaluated four commonly used satellite products, including the GEWEX SRB3.0, ISCCP-FD, University of Maryland SRB V3.3.3 and the CERES EBAF. They found that those products agree much better with surface measurements on a monthly scale with the biases from 5.0 to 18.3 Wm −2 and the RMSEs from 18.8 to 34.6 Wm −2
, than on a daily time scale. Zhang, Liang, et al. (2016) also applied the similar method to validate six monthly reanalysis datasets (NCEP-NCAR, NCEP-DOE, CFSR, ERA-Interim, MERRA, and JRA-55), and found that reanalysis data have larger biases from 11.3 to 49.8 Wm −2 , and the RMSEs from 27.7 to 60.0 Wm −2 . Almost all the reanalysis products showed better accuracies in winter than summer. It was further found out that the biases of cloud fraction (CF) in the reanalyses caused the overestimation . Incident solar radiation is the component with the largest spread within the CMIP5 models among all land and ocean mean energy balance components.
The global average of incident surface solar radiation estimated from satellite products is 188.6 ± 15 Wm −2 (GEWEX), 188.9 ± 20 Wm −2 (ISCCP), 188.9 Wm . Note that the estimated values from various EEB studies are different: 184 ), 188 ± 6 , 185 (179-189) and 186 ± 5 (L'Ecuyer et al. 2015) Wm −2 , respectively. Zhang, Liang, et al. (2016) used extensive ground observations at the 1,677 global energy balance archive (GEBA) sites and other four long-term observation ground measurement datasets to estimate the biases of the CERES EBAF and four reanalysis datasets. After removing the averaged bias weighted by the area of the latitudinal band, the global annual mean estimates of incident solar radiation from CERES EBAF was 182.9 Wm −2 over the nine-year period from 2001 to 2009, which is much smaller than the previous estimates. Kato et al. (2018) provided the latest CERES estimate (CERES EBAF 4.0) of 187.1 Wm −2 averaged from 2005 to 2015. It is clear that existing knowledge on incident solar radiation still has large uncertainties.
The incident surface solar radiation undergoes significant decadal variations (Wild 2009 (Wild , 2012 . The attributing factors of the long-term variations include clouds, aerosols, and radiatively active gases Wild 2012 Wild , 2016 . In situ measurements of incident solar radiation at weather stations since the 1950s, such as those from the Global Energy Balance Archive (GEBA), are a good data source for determining the long-term trends ). However, instrument replacement (Wang 2014) or different measuring methods ) can cause uncertainties. determined the global brightening and dimming trends in China, Europe, and the United States since 1901 using sunshine duration data. Satellite products have also been demonstrated to reveal the long-term variations 
Broadband albedo
Surface shortwave broadband albedo (α sw ), represents the surface hemispheric reflectivity integrated over the solar spectrum (0.2-5.0 µm). Accurate knowledge of land surface albedo can significantly improve weather and climate model simulations (Boussetta et al. 2015; Knorr, Schnitzler, and Govaerts 2001; Kumar et al. 2014; Viterbo and Betts 1999) . Two recent book chapters (He, Wang, and Qu 2017; Qu 2017 ) have comprehensively discussed land and ocean surface albedos. Many methods have been developed to generate the global land surface albedo products from both polar-orbiting and geostationary satellite data (Qu et al. 2015) . The conventional method shown in Figure 4 consists of three basic steps: atmospheric correction (Liang, Fang, and Chen 2001; Vermote, El Saleous, and Justice 2002) to convert TOA observations to surface directional reflectance; anisotropical reflectance modeling (Roujean, Leroy, and Deschamps 1992; Roujean et al. 1997; Wanner, Li, and Strahler 1995; Wanner et al. 1997 ) by fitting a bidirectional reflectance distribution function (BRDF) or bidirectional reflectance factor (BRF) model from accumulated multiangular surface directional reflectance to calculate spectral albedo; and converting the spectral (narrowband) albedo values to broadband albedo (Liang 2001; Liang et al. 2003) . This method has been widely used for generating the MODIS land albedo and others.
The alternative 'direct estimation algorithm', shown in Figure 5 , is used to estimate surface albedo directly from TOA observations, which combines all these three steps into a single step through regression analysis to create a best-estimate broadband albedo (Liang 2003; Liang, Strahler, and Walthall 1999; Liang, Stroeve, and Box 2005) . The direct estimation method does not require surface reflectance that results from atmospheric correction. Moreover, it also does not need an accumulation of observations during a certain period of time that cannot capture the rapid surface changes. This algorithm has been applied to produce the GLASS albedo product Qu et al. 2014) with the MODIS and AVHRR data, and the Visible/Infrared Imager/Radiometer Suite (VIIRS) albedo product . It has also demonstrated that this method can accurately estimate land surface albedo from different Landsat data , Chinese HJ data (He et al., "Land Surface Albedo Estimation," 2015) , MISR data , and the airborne AVIRIS data (He et al., "Estimation of High-Resolution Land Surface," 2014).
The optimization approach has been demonstrated to retrieve atmospheric aerosol optical depth, surface directional reflectance and albedo simultaneously from SEVIRI data Wagner, Govaerts, and Lattanzio 2010) and MODIS data (He et al. 2012 ). This type of method can estimate a suite of parameters besides broadband albedo, but is computationally expensive because it usually requires numerous iterations. So far, none of these algorithms have been used for producing global satellite products. New techniques, such as emulation, need to be developed for improving the computational efficiency of this method.
The major long-term global land surface albedo products are listed in Table 5 . There are many regional albedo products or short-term products are also available to the public (He, Wang, and Qu 2017) .
Two global land surface albedo products (MODIS and GLASS), which are probably the most accurate global land surface albedo products, show that global annual mean values are 0.2417 (GLASS) and 0.2319 (MODIS). We also calculated the annual mean albedo values simulated by the CMIP5 models to be 0.2542 ± 0.0188. The differences in the monthly mean values are much larger.
In contrast to the land surface albedo products, there are few ocean surface albedo products from satellite data. The most complete product is the clouds, albedo and radiation (CLARA) product (Karlsson et al. 2017; Riihela et al. 2013) . The GEWEX and CERES products can be used to calculate ocean albedo. The GLASS ocean albedo product from MODIS and AVHRR data is still under development Qu et al. 2016 ). The average ocean albedo is 0.081 ± 0.007 from the CLARA-A2, GEREX, ISCCP, and CERES products, 0.080 from CMIP5 model simulations , and 0.0814 (reanalysis), respectively, which are highly consistent. However, if their monthly averages are examined, there exist considerable differences among those data. The differences are even more significant in the Arctic.
Globally, the mean albedo from CERES is 0.1245 , and the average albedo is 0.124 ± 0.006 from CLARA-A2, GEWEX, ISCCP and CERES products. The mean albedo from CMIP5 model simulation is 0.130 ± 0.010 , while the average global albedo from reanalysis datasets is 0.1353 ± 0.0085. Independent studies with various data sources typically reported different values of the global average albedo, for example, 0.125 (Trenberth, Fasullo, and Kiehl 2009) is highly variable, depending on many factors, such as land cover types, snow/ice cover, soil moisture. Drought or forest fires can lead to changes in surface albedo (O'Halloran et al. 2012; . Fires in Siberian larch forests increased surface albedo during snow-on periods and resulted in strong cooling . Human activities, such as deforestation (Houspanossian et al. 2017; Loarie et al. 2011; , irrigation (Zhu et al. 2011) , pollution (Lee and Liou 2012) , and urbanization (Hu, Jia, et al. 2016) can greatly alter land surface albedo. The recession of snow cover can amplify warming Chen et al. 2015; Flanner et al. 2011; He et al. 2013; Shi and Liang 2013) . On the continental scale, He, Liang, and Song (2014) found from the satellite land albedo products that surface snow cover is a dominating factor that controls the decreasing trend (July) and the increasing trend (January) of land surface albedo. Mortimer and Sharp (2018) calculated the albedo trend of glaciers in Canada's Queen Elizabeth Islands using the MODIS albedo product and found a negative correlation with LST. Li, Ma, et al. (2018) recently found out that the global greening trend also correlates with the decreased trend of albedo during the summer.
Ocean surface albedo largely depends on sea ice, sun glint, whitecaps, and ocean water reflectivity. For example, Arctic Ocean albedo has declined considerably in the past decades (Comiso and Hall 2014; Riihelä, Manninen, and Laine 2013) mainly due to sea ice retreat (Perovich and Polashenski 2012) , earlier melt onset (Stroeve et al. 2014 ) and sea ice thinning (Kwok and Rothrock 2009) , which leads the Arctic Ocean to absorb more solar radiation and amplify the Arctic warming Flanner et al. 2011; Pistone, Eisenman, and Ramanathan 2014) . Cao et al. (2016) recently evaluated the ocean albedo from four reanalysis datasets over the Arctic Ocean, and found that three of them are unable to effectively track the interannual variation of ocean albedo and significantly underestimate the decreasing trend compared to a satellite albedo product.
Shortwave net radiation
Shortwave net radiation is the shortwave portion of the surface radiation budget. It dominates the energy balance in the daytime since the daytime longwave net radiation is strongly correlated with the daytime shortwave net radiation (Kjaersgaard, Plauborg, and Hansen 2007) . One approach to estimate all-wave net radiation is to utilize this relationship between shortwave and all-wave net radiation Wang and Liang 2009a) . To understand the climate system, Cess et al. (1991; Li et al. 1993) argued that surface shortwave absorption (net radiation) is a more meaningful quantity than surface incident solar radiation.
Given incident solar radiation F s d and surface shortwave albedo a sw , shortwave net radiation can be easily calculated as F s d (1 − a sw ). However, the shortcoming of this approach is that the uncertainties of these two quantities may accumulate (He et al., "Estimation of High-Resolution Land Surface Net Shortwave Radiation," 2015). Since each of the two products contains uncertainties and to avoid possible error propagation from the two products, an alternative is to estimate shortwave net radiation directly. Ramanathan (1986) first found a simple proportionality between surface shortwave net radiation with TOA shortwave net radiation. Cess and Vulis (1989) later found out this relationship is linear based on more accurate atmospheric radiative transfer simulations, which was later verified by using ground measurements and ERBE data under clear-sky conditions (Cess et al. 1991) . Li et al. (1993) improved the linear relationship that is independent of cloud-optical depth and surface albedo and so can be applied to estimate surface shortwave net radiation under overcast skies. Masuda, Leighton, and Li (1995) further improved the parametrization model developed by (Li et al. 1993 ) using a newer version of the radiative transfer package (LOWTRAN) for better treatment of water vapor absorption in the detailed radiative transfer calculations and correcting the impacts of the surface elevation (surface pressure), ozone amount, aerosol type and amount, as well as cloud height and cloud type. These simple models were applied to satellite data acquired by broadband sensors, such as ERBE, which have coarse spatial resolutions. Tang, Li, and Zhang (2006) applied this type of parametrization method to narrowband MODIS data by developing the TOA narrowband to broadband albedo conversion for different solar zenith angle, viewing zenith angle and relative azimuth angle.
The TOA narrowband to broadband albedo conversion may introduce additional uncertainties to the parametrization method. Kim and Liang (2010; Zhu et al. 2016) proposed the hybrid method to estimate shortwave net radiation directly from MODIS TOA and surface reflectance data under both cloudy and clear sky conditions without the narrowband to broadband conversion of TOA albedo. It integrates extensive radiative transfer simulations (physical) and regression analysis (statistical) at each angular bin (the solar zenith angle, viewing zenith angle and the relative azimuth angle are divided into multiple intervals, and a cell of these three angular dimensions is called an angular bin). This method is also called direct estimation method with the similar framework very similar to that in Figure 5 . It does not require ancillary data that typically have different spatial and spectral resolutions. They demonstrated that the shortwave net radiation estimated by this hybrid (direct estimation) method is more accurate than the TOA albedo based method. The further development of this hybrid method has removed the requirement of surface reflectance. He et al., "Estimation of High-Resolution Land Surface Net Shortwave Radiation," (2015) refined the hybrid method and applied to the hyperspectral Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) data. They executed the topographical and water vapor correction, and demonstrated that this hybrid method is more accurate than that calculated from the surface albedo and insolation. They also showed that hyperspectral data can generate more accurate estimates of surface shortwave net radiation than the multispectral data. These studies focused on estimating instantaneous surface shortwave net radiation. Wang, Liang, and Tao (2014) extended this method by incorporating water vapor as one additional dimension of the LUT and then applied to Landsat data for calculating both instantaneous and daily average surface shortwave net radiation. Wang et al., "Estimation of Daily Surface Shortwave Net Radiation," (2015) further estimated daily shortwave net radiation by combing MODIS data from both Terra and Aqua satellites. Wang et al., "Surface Shortwave Net Radiation Estimation," (2015) continued to apply this method to the Medium-Resolution Spectral Imager (MERSI) data of the Chinese Feng-Yun 3 (FY-3) satellite and explored the possible improvement of accuracy by combining MERSI and MODIS data. Zhang and Li (2016) applied this method to estimate surface shortwave net radiation from Chinese geostationary FY-2D satellite data by first converting TOA spectral reflectance to TOA broadband albedo.
The hybrid (direct estimation) methods based on the TOA multispectral reflectance usually perform better than the parametrization methods based on TOA broadband-albedo. One of the major reasons is that TOA spectral reflectance contains information of both the atmosphere and the surface, which are important for accurate determination of surface shortwave net radiation.
Longwave downward radiation
The downward longwave radiation at the surface (F l d ), the direct measure of radiative heating of atmosphere to surface, plays an important role in numerous applications. The concentrations and the associated vertical distributions of water vapor, carbon dioxide and trace gases including ozone, methane, nitrous dioxide, and aerosols, affect the downward longwave radiation.
The difficulty in estimating F l d from satellite observations is because only atmospheric window radiances at the TOA can convey information on the near-surface radiation field, and the atmosphere below 500 m from the surface accounts for 80% of the total surface downward longwave radiation. Under cloudy sky conditions, satellite data in the thermal IR region usually cannot be used for estimating downward longwave radiation at surface directly because the radiation fields at the surface and at the TOA are usually decoupled.
Cheng, Liang, and Wang (2017) reviewed various estimation methods for generating the products from satellite remote sensing, including radiative transfer calculation with atmospheric profiles and parameterization. If the atmospheric profiles are known from surface radiosonde, a radiosonde balloon, or derived from satellite sounding data, a radiative transfer model can be used to calculate the downward longwave radiation (Darnell, Gupta, and Staylor 1986; Frouin, Gautier, and Morcrette 1988) . The radiative transfer model needs to be computationally efficient and the generated products largely depend largely on the accuracy of atmospheric temperature and moisture profiles. The satellite products from remote sensing data include the ISCCP-FD, GEWEX, and CERES products that have temporal and similar spatial resolutions to other EEB components discussed earlier. In addition, the EUMETSAT CM-SAF also produces the monthly longwave downward radiation product by merging AVHRR and SEVERI data (Schulz et al. 2009 ) with a spatial resolution of 15 km.
Another approach is to develop parametric formulae. Various parameterization methods have been summarized . The idea is to develop simplified mathematical formula to calculate the downward longwave radiation based on some surface meteorological variables, such as water vapor pressure, air temperature, and the precipitable water. The most common form for calculating F l d is 1 a sT 4 a where 1 a and T a is the effective atmospheric emissivity and air temperature, s is Stefan-Boltzmann's constant. Many parametric formulae calculate 1 a . Parameterization methods are usually site specific, and they are affected by geographical locations and local atmospheric conditions. The accuracy of meteorological parameter-based models is typically 5-30 Wm −2 , depending on the suitability of the model to the local atmospheric conditions and the data used for model calibration. Obtaining all meteorological parameters over large areas is also challenging.
A hybrid (direct estimation) method that combines physical radiative transfer simulation and statistical analysis has also been developed to estimate clear-sky Figure 5 , consisting of two steps. The first step is to undertake extensive radiative transfer simulations. Surface downward and TOA radiance for a particular satellite instrument are simulated using a radiative transfer model and a large number of clear-sky atmospheric profiles in combination of surface temperature and emissivity. The physics that govern the surface longwave radiation budget are embedded in the radiative transfer simulation processes. The second step is to conduct a statistical analysis of the simulated databases to derive models. applied this method to MODIS data and found based on in-situ measurements that the estimated F : precipitable water, cloud fraction, liquid water path and/or ice water path, etc. For example, Duarte, Dias, and Maggiotto (2006) evaluated several empirical formulae using cloud fraction that can be calculated from incident shortwave radiation to correct clear-sky F l d . Guo and Cheng (2018) developed a linear model and a multivariate adaptive regression spline (MARS) model to estimate the cloudy-sky longwave net radiation from a satellitederived surface shortwave net radiation product. Gupta, Darnell, and Wilber (1992) by simple cloud correction using the cloud fraction, (ii) three parameterized algorithms determining the cloud contribution by cloud temperature, and (iii) a semiempirical algorithm parameterized by the cloud water path developed by Zhou and Cess (2001) . They found out based on actual satellite data products that the cloud-temperature-based algorithms were greatly influenced by the uncertainty in cloud base temperature and cloud fraction and showed acceptable results when cloud fractions were accurate. The Zhou-Cess algorithm revealed the best results at most sites and was less impacted by cloud parameter uncertainties; Wang, Shi, et al. (2018) used a parametric formula to calculate the cloudy F l d by integrating MODIS and AIRS/AMSU measurements to generate the atmospheric profiles.
After comparing two satellite and three reanalysis datasets with observations collected at 169 global land sites from 1992 to 2010, and 24 buoy sites from 2002 to 2011, found that these datasets have significant differences, and the CERES product over the deserts has much larger uncertainties. They provided the best estimate of global means from 2003 to 2010: 342 ± 3 Wm −2 (global), 307 ± 3 Wm −2 (land), and 356 ± 3 Wm −2 (ocean). Wild et al. (2015) found that the 43 CMIP models simulate substantially different estimates of downward longwave radiation. In comparison, four EEB studies gave substantially different estimates of F , respectively. Consistent with global warming, most datasets show substantial increases in longwave downward radiation temporally, with the derived linear trends of global mean up to 1.9 Wm −2 per decade. Based on the longest records of downward thermal radiation currently available from BSRN, Wild (2016) obtained an overall mean increase in downward thermal radiation of + 2.0 Wm −2 per decade since the early 1990s. This corresponds to the rate of energy increase at the Earth's surface due to the enhanced greenhouse effect that is causing global warming. Zhou, Chen, et al. (2016) claimed that desert amplification between 50°S and 50°N is likely attributable primarily to enhanced longwave radiative forcing associated with a stronger water vapor feedback over drier ecoregions in response to the positive global-scale greenhouse gas forcing. Cao et al. (2017) also reported strong observational evidence, for the first time from long-term spatially complete satellite records, that increased cloudiness and atmospheric water vapor in winter and spring have caused an extraordinary downward longwave radiative flux to the ice surface, which may then amplify the Arctic wintertime ice-surface warming. In addition, they also provided observed evidence that it is quite likely the enhancement of the wintertime greenhouse effect caused by water vapor and cloudiness that has advanced the time of onset of ice melting in mid-May through inhibiting sea-ice refreezing in the winter and accelerating the pre-melting process in the spring, and in turn triggered the positive sea-ice albedo feedback process and accelerated the sea ice melting in the summer.
Longwave upwelling radiation
We can calculate upwelling longwave radiation F l u given downward longwave radiation (F l d ), surface temperature (T s ), and surface emissivity (ε). This is the conventional method for calculating F l u since both T s and ε can be estimated directly from satellite observations. The disadvantage of this approach is that the uncertainties of the T s and ε products Li and Duan 2017 ) make us impossible to estimate F l u accurately (Wang and Liang 2009b) . If the surface temperature and emissivity products are not accurate, the accuracy of the upwelling longwave radiation will be affected. The alternative solution is to estimate surface longwave upwelling radiation from TOA longwave observations directly. In the following subsections, we will discuss these related variables and approaches separately.
Land surface temperature
Land surface temperature (LST), T s , can be estimated mainly from thermal-IR remote sensing, but also from passive microwave remote sensing (Aires et al. 2001; Njoku and Li 1999) . LST detected by infrared thermal sensors provides finer spatial resolution only under clear-sky conditions. Because clouds and aerosols are essentially transparent to microwave radiation at frequencies below about 12 GHz, microwave remote sensing has the potential to eliminate the atmospheric contamination. However, passive microwave sensors have coarser spatial resolution and the estimated LST may have lower accuracy. Integration of estimated LST from both thermal and microwave satellite data will produce all-weather high-resolution LST satellite products (Duan, Li, and Leng 2017).
The progress in LST estimation from thermal remote sensing has been recently reviewed (Li et al. 2013; Li and Duan 2017; Yu, Liu, and Yu 2017) . Besides the traditional split-window algorithms, Li and Duan (2017) also reviewed other estimation methods, such as single channel methods, multichannel methods, multi-angular methods, and multi-temporal methods.
Validation of the satellite LST products is very important (Hulley and Hook 2009; Wang and Liang 2009b) . The MODIS global LST product (Wan and Li 1997 ) is probably the most reliable LST product so far, with the accuracy of 1 K verified for homogenous surfaces, such as water bodies and sandy land (Wan 2008) . Wang, Liang, and Meyer (2008) also compared night-time LST data using eight ground thermal infrared (TIR) temperature observation stations and verified that the error or deviation rate (bias) was around −3.23°C to 0.72°C. The JPSS satellite series mission provides similar quality of the LST product from the VIIRS instrument Yu, Privette, and Pinheiro 2005) . Validation results proved that the anticipated accuracy of ASTER LST product of + 1.5 K has been met (Sabol et al. 2009 ), under unusual atmospheric conditions of anomalously high humidity or spatial variability, atmospheric compensation can be incomplete and errors in temperature and emissivity images can be larger than anticipated. The standard deviation of LST from the Infrared Atmospheric Sounder Interferometer (IASI) over the tropics is about 1.3 K (Capelle et al. 2012) . The RMSE of the MSG-SEVIRI LST product compared with ground measurements is up to 2 K (Freitas et al. 2010) . Duan et al. (2018) validated the latest MODIS LST product (C6) using measurements from 38 validation sites worldwide over eight land cover type. They found the C6 MODIS LST products are in good agreement, with bias and RMSE values of less than 1 K although overestimation in the C6 MODIS LST products can be found over two bare soil sites. The retrieval accuracy for microwave sensors is far worse, probably larger than 2.5 K (Prigent, Jimenez, and Aires 2016) . Other validation studies for AATSR (Coll et al. 2012) and VIIRS (Li, Sun, et al. 2014; Niclos et al. 2018 ) LST products.
The satellite derived LST data sets have been used for multiple applications including large-scale ecosystem disturbance detection (Mildrexler, Zhao, and Running 2009) , drought monitoring (Rhee, Im, and Carbone 2010) , land cover monitoring (Julien and Sobrino 2009; Karnieli et al. 2010) , biodiversity studies (Albright et al. 2011) , and urban heat island effects (Jin 2012) . LST products have been widely assimilated into land surface models to estimate turbulent fluxes (Bateni and Liang 2012; Crow, Wood, and Pan 2003; Qin et al. 2007; , soil moisture and other quantities.
Some numerical models have simulated unrealistic LST, for example, Moncet et al. (2011) compared MODIS LST with the ISCCP LST. For July 2003 monthly averages over all clear-sky locations, the ISCCP-MODIS differences were + 5.0 K and + 2.5 K for day and night, respectively, and there were areas with differences as large as 25 K.
Some efforts have inter-compared LST satellite products. For example, compared two versions of MODIS LST products (C5 and C6) and ASTER LST product over bare soils. They found that the accuracy of the C6 MODIS LST product is superior to that of the C5 MODIS LST product, and the absolute biases of the differences between the C6 MODIS LST and ASTER LST over bare soil surfaces are from 0.2 to 1.5 K. Ouyang, Chen, and Lei (2018) compared the LST from the AATSR and numerical simulations. Soliman et al. (2012) found MODIS and AATSR monthly LST products match very well with a mean-difference (MD) of −1.1 K. Ermida et al. (2017) compared the LST derived from the Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E) with LST estimated from thermal data such as MODIS and SEVIRI. They found the higher discrepancies between AMSR-E and MODIS over deserts and snow-covered areas, and the differences between AMSR-E and MODIS are significantly reduced after masking out snow and deserts, with a bias change from 2.6/4.6 K to 3.0/1.4 K for daytime/nighttime and a standard deviation (STD) decrease from 7.3/7.9 K to 5.1/3.9 K.
The MODIS LST product has been used to determine the long-term trends. Sobrino and Julien (2013) determined the global LST trends from MODIS LST monthly product from 2000 to 2011 and found an increasing trend in morning LST from 0.12 to 0.14 K/year. found that the MODIS LST over global deserts increased by 0.25°C/decade from 2002 to 2015, whereas the reanalyses estimated a trend varying from −0.14 to 0.10°C/decade.
Note that land surface air temperature (T air ) is often needed for various applications. LST is not equal to surface air temperature numerically (Good et al. 2017; Lian et al. 2017) . For example, LST is generally higher than Tair over arid and sparsely vegetated regions in the middle-low latitudes, but LST is lower than Tair in tropical rainforests due to strong evaporative cooling, and in the high-latitude regions due to snow-induced radiative cooling. The commonly used global air temperature datasets are usually created from interpolation of scattered meteorological measurements, which may have large uncertainties (Rao, Liang, and Yu 2018) . Air temperature at the surface cannot be accurately estimated from satellite data. Although the sounding channels enable us to determine the atmospheric profiles of temperature and water vapor, the air temperature near surface is not accurate for land applications. The alternative is to estimate near surface air temperature from LST using one of these three types of methods: statistical approaches (Chen, Quan, et al. 2016; Li, Zhou, et al. 2018; Oyler et al. 2016; Xu, Knudby, and Ho 2014; Zakšek and Schroedter-Homscheidt 2009) , the temperature-vegetation index (TVX) approach (Czajkowski et al. 2000; Prihodko and Goward 1997) and machine learning methods (Xu et al. 2018) . The similar parametrization formula has been developed to assess the climate effects of the recent changes in global forest cover (Alkama and Cescatti 2016) . Since the LST products from thermal-IR observations have many gaps due to cloud contamination, thus, the generated air temperature is not continuous. Rao et al. (2019) recently developed a machine learning method to estimate spatiotemporally continuous air temperature using not only LST but also incident solar radiation and TOA albedo/OLR.
Land surface emissivity
For dense vegetation and water surfaces, surface emissivity ε equals almost one. For non-vegetated surfaces, ε is significantly less than one. Unfortunately, due to the lack of reliable observations, a constant emissivity value or very simple parameterizations are adopted in most land surface models and general circulation models.
There are few broadband emissivity satellite products available, although several spectral emissivity products exist. In theory, all spectral emissivity products can be converted into broadband emissivity using various conversion formulae Jin and Liang 2006; Ogawa and Schmugge 2004; Tang et al. 2011 ), but creating a long-term broadband emissivity product from multiple satellite data is not an easy task since it requires a series of consistent processing steps. The GLASS emissivity product is the only thermal-IR broadband emissivity ready to be used by the community. The details on land surface emissivity are described by .
Sea surface temperature (SST) and emissivity
In-situ SST measurements are mainly from ships and from drifting/moored buoys, generally precise and fundamentally unaffected by variations in weather conditions. Therefore, in-situ data are used as reference for 'sea truth'.
Satellite SST products can be generated from both thermal-IR observations (Walton 2016 ) and microwave data (Hosoda 2010) . Compared to LST estimation, SST estimation from thermal-IR observations is much simpler because the sea surface emissivity is less variable. The traditional split-window approaches for estimating SST from brightness temperatures of two channels (T i , T j ) in the atmospheric window (11-13 µm) have been widely used. To improve estimation accuracy, the simplest formula above has been further developed into more complex forms, such as MCSST (multi-channel sea surface temperature), non-linear SST (NLSST) algorithm, and the generalized non-linear SST (GNLSST) algorithm (Walton 2016) .
Microwave observations can be also useful to estimate SST under almost all weather conditions since microwave measurements can penetrate clouds. However, the spatial resolution of microwave measurements is relatively low compared with infrared measurements. Microwave SST retrieval was first attempted using the Scanning Multichannel Microwave Radiometer (SMMR) onboard Seasat and Nimbus-7 satellites that were launched in 1978. High-quality microwave SST product was first retrieved from the Tropical Rainfall Measuring Mission Microwave Imager (TMI) data in 1997 within 38°N-38°S. RMSD between TMI and buoy SST ranges from 0.5°C to 0.7°C (Wentz et al. 2000) . The first global SST product from the polar-orbiting satellite was generated from the Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E) operated during 4 May 2002 to 4 October 2011. The AMSR-E version 7 SST products provided by remote sensing systems showed a small bias of −0.05°C and a standard deviation of 0.48°C, respectively, when compared with in situ SST observations (Gentemann 2014) .
The microwave SST products are currently available from WindSat from January 2003, Advanced Microwave Scanning Radiometer-2 (AMSR2) from May 2012, the Global Precipitation Measurement (GPM) Microwave Radiometer (GMI) from February 2014, and the Chinese Haiyang-2 (HY-2) from August 2011 .
To achieve higher spatial and temporal resolution of the SST products, efforts have been made to integrate the products from both thermal-IR and microwave data Hosoda, Kawamura, and Sakaida 2015; Reynolds et al. 2007) .
Global mean SST time series of monthly anomalies from several datasets exhibit a clear warming tendency in addition to consistent interannual variability in all analyses. The magnitude of SST anomaly trends ranges from 0.09°C to 0.14°C decade-1 . Despite of the warming slowdown, Karl et al. (2015) reported that global SST since 2000 has continued to exhibit a significant warming trend.
Emissivity is a required quantity for calculating surface longwave radiation budget, but also important in retrieving surface temperature from thermal observations. Satellite-retrieved SSTs with an absolute accuracy of 0.3 K is highly desired for applications in climate monitoring and operational oceanography (Barton 1992) , which requires the emissivity to be determined with an accuracy of 0.5% (Hanafin and Minnett 2005) .
A number of studies have been devoted to modeling the thermal infrared emissivity of windroughened sea surfaces (Hanafin and Minnett 2005; Henderson, Theiler, and Villeneuve 2003; Masuda, Takashima, and Takayama 1988; Nalli, Minnett, and Van Delst 2008; Wu and Smith 1997) , but the discrepancies between model calculated emissivity values and in situ measurements are only partially resolved at greater observation angles and high wind speeds. None of these models were used for calculating hemispheric sea surface emissivity. developed a lookup table approach for calculating hemispherical broadband emissivity values as a function of wind speed. After incorporating the foam effect, hemispherical broadband emissivity was expressed as a linear function of the hemispherical broadband emissivity values of sea water and foam, weighted by the fraction of foam coverage. With this method, they produced an hourly sea surface hemispherical broadband emissivity product with a resolution of 10 km and global coverage that covers the period from 2003 to 2005, using wind speed data from Modern-Era Retrospective analysis for Research and Applications (MERRA)-2.
Hybrid methods
The hybrid methods, or direct estimation methods, have also been used for estimating F l u . Wang, Liang, and Augustine (2009) developed the hybrid method to estimate upwelling radiation from MODIS using both artificial neural network (ANN) and linear regression, and also compared with the temperature-emissivity based method. They found that the biases and RMSEs of the ANN model method are ∼5 Wm −2 smaller than the temperature-emissivity method and ∼2.5 Wm −2 smaller than the linear regression method. later applied to geostationary GOES sounding data and the ABI of the GOES-R data. Jiao et al. (2015) applied this method to generate two-year F l u from MODIS data over Tibetan Plateau. Cheng and Liang (2016) further improved the linear model suitable for global product generation by incorporating more representative atmospheric profiles. This approach can produce the products at the native spatial resolution of satellite data (∼1 km), but only under clear-sky conditions. Efforts have been made to refine this method by incorporating the anisotropy of LST and/or emissivity (Hu, Du, et al. 2016; Hu et al. 2017 ).
Mean and variation
The longwave upwelling radiation products from remote sensing data include ISCCP-FD, GEWEX, CERES, and EUMETSAT CM-SAF. The accuracy of these three data sets varies from 21 Wm −2 to 33.6 Wm −2 at the monthly timescale and at a spatial resolution of 100-280 km. The meteorological, hydrological and agricultural research communities require an accuracy of 5-10 Wm −2 for longwave upwelling radiation retrieved from satellite data at a 25-100 km spatial resolution and 3-h daily temporal resolution.
Upwelling longwave radiation simulations from different GCM models have very large differences. Zhang, Rossow, and Stackhouse (2007) found that the difference of skin temperature among four reanalysis data sets is around 2-4 K that can easily cause 10-15 Wm −2 uncertainty in calculated surface upwelling longwave fluxes. Most models have simplified surface emissivity, which is another major source of uncertainty (Jin and Liang 2006) .
From CERES EBAF, Wild et al. (2015) , and the corresponding thermal net radiation are: −62.9 (land), −49.3 (ocean), and −53.5 (global). Since upwelling is smaller than downward thermal radiation, the net thermal radiation is negative. The largest negative values occur over dry lands, particularly over deserts.
Surface all-wave net radiation
All-wave net radiation is the sum of shortwave and longwave net radiation. The spatial and temporal variation of the surface net radiation is responsible for the redistribution of the available energy, for example, controlling the inputs of latent and sensible heat fluxes into the atmosphere, and the oceanic heating over the ocean. Zhang, Li, et al. (2018) recently found that surface net radiation rather than soil moisture limits actual evapotranspiration over an alpine Kobresia meadow on the northeastern Qinghai-Tibetan Plateau. Surface all-wave net radiation is dominated by the shortwave net radiation except at the poles. It is generally greatest in the summer tropical and subtropical oceans with maxima near the Tropic of Cancer during July and the Tropic of Capricorn during January. The seasonal variability of all-wave net radiation is very similar to that of shortwave net radiation.
After calculating shortwave and longwave net radiation, all-wave net radiation can be calculated by adding them together (Bisht and Bras 2011; Verma et al. 2016; Wang et al., "Estimating Clear-Sky All-Wave Net Radiation," 2015) . Under cloudy-sky conditions, longwave net radiation cannot be accurately estimated unless reliable cloud information can be provided (Flerchinger et al. 2009; Wang and Liang 2009c) . Bisht et al. (2005) proposed the scheme for deriving the components of surface energy budget over large heterogeneous areas under clear-sky using only the MODIS products and calculated instantaneous net radiation for the first time. They also proposed the sinusoidal model that can estimate the diurnal cycle of net radiation with a single instantaneous net radiation estimated from the satellite. Bisht and Bras (2010) extended their method to cloudy sky conditions, and applied to estimate instantaneous and daily net radiation over the South Great Plains for a time period covering all seasons of 2006. The RMSE of instantaneous and daily average net radiation estimated under cloudy condition were 37 and 38 Wm −2 , compared to ground measurements. Ryu et al. (2008) evaluated the land surface radiation balance derived from MODIS over a heterogeneous farmland area and a rugged deciduous forest in the Korea Flux Network. Their study suggested that the scale mismatch among the radiometer footprint, heterogeneity of the land surface properties, and MODIS extent should be considered in both the algorithm development and validation processes. The AVHRR data was also widely used to estimate the components of land surface radiation balance, including all-wave net radiation. Ma and Pinker (2012) derived surface shortwave albedo, land surface temperature, and emissivity from AVHRR data, land-surface and other observation data, computed the downward shortwave and longwave radiation at surface, and determined the net radiation over the Tibetan Plateau by summing all the components. The validation results indicated that the derived surface shortwave albedo and land surface temperature for the Tibetan Plateau area were comparable to the land-surface status, and the absolute percentage difference between derived net radiation and the field observation was less than 10%. Combined AVHRR data and meteorological data, Zhang and Li (2016) calculated surface net radiation at 1 km from 2008 to 2010 over Tibetan Plateau based on a group of MODIS land and atmosphere high-level products and surface elevation data (DEM).
Direct estimation for estimating all-wave net radiation from TOA satellite observations have also been explored (Pinker and Corio 1984; Pinker and Tarpley 1988) . Pinker, Ewing, and Tarpley (1985) linearly regressed the surface daily average net radiation at selected sites over Canada with collocated TOA shortwave net radiation and OLR from GOES-E data for a period of two years. They also demonstrated that the average 7-day net radiation can be more accurately estimated than the daily average. Wang et al., "Estimating Clear-Sky All-Wave Net Radiation," (2015) estimated allwave net radiation as one integral variable from the combined visible and shortwave infrared and thermal infrared data measured by MODIS and MODIS/ASTER Airborne Simulator (MASTER). They demonstrated the direct estimation approach generated more accurate results than the component-based approach that first estimates shortwave and longwave net radiation respectively and then adds them together.
Another method is to establish the empirical relationship between all-wave net radiation and shortwave net radiation and other meteorological parameters empirically (Jiang and Liang 2017) . These methods can estimate only daytime net radiation since there is no shortwave radiation in the evening. Jiang et al. (2015) evaluated seven such empirical models and also developed a new model based on an extensive ground measurement dataset collected worldwide. They also replaced simple statistical models with a neural network (Jiang et al. 2014) . A preliminary global product has been developed using this method .
There are multiple surface net radiation products generated from satellite data (see Table 4 ). The CERES product has been shown to have a high accuracy over land surfaces with RMSE of 33.56 and 25.57 Wm , for the daily and monthly products ). The GLASS day-time net radiation product over land surfaces has a much finer spatial resolution (5 km) and a comparable accuracy (RMSE of 31.61 Wm −2 ) ). Jia et al. (2018) calculated the mean and annual trends of the Rn across the land surface using monthly CERES product, GLASS net radiation product and three reanalysis products, and found a general decreasing trend. However, they also found that the misleading increasing trend during 2000-2008 from the CERES EBAF2.8 product was mainly caused by version inconsistency in input data such as aerosol optical thickness and atmospheric profiles (in 2006 and 2008) and cloud properties (in 2002) . This wrong trend was not revealed when the CERES product was validated using ground measurements, which demonstrates that temporal analysis provides powerful quality control for global time series satellite products when the validation using ground measurements fails to capture potential issues. Of course, another ways is to compare the trends of satellite products and surface observations instead of climatological means.
Surface heat fluxes
The energy that is required for evapotranspiration (ET) is called latent heat, the largest component from the available net radiation. The remaining net radiation is mainly used for heating the near surface temperature and is referred to as sensible heat since the ground heat flux is relatively small. The division of/separation of the surface net radiation into sensible and latent heat flux has important implications for regional and global warming and water cycles.
Numerous review papers (Glenn et al. 2007; Kalma, McVicar, and McCabe 2008; Katul et al. 2012; Li et al. 2009; Shuttleworth 2007; have examined the development of measurement, estimation and simulation of ET. Remote sensing methods for estimating ET can be grouped as either empirical, physically based, or simulations. Empirical methods link satellite observations with ET through various statistical models or machine learning algorithms. Carter and Liang (2018) recently evaluated twelve different empirical regression algorithms for estimating daily ET using surface measurements from 181 Ameriflux and Fluxnet sites and MODIS high-level data products. These algorithms have variable performances with median RMSE of about 25 Wm . The physically based approaches estimate ET from the PenmanMonteith Mu et al. 2007; Mu, Zhao, and Running 2011) or Priestley-Taylor (Yao, Liang, Yu, et al. 2017; Yao et al. 2013 ) equation. Various land surface models driven by different satellite products, such as surface skin temperature, vegetation indices, net radiation, and so on, have been used for simulating surface ET.
Many regional and global ET products have been generated. Mueller et al. (2013) evaluated 40 ET datasets and produced monthly synthesis products by merging individual products. Peng et al. (2016) compared six different ET products over the Tibetan Plateau. More validation and intercomparisons under different conditions is needed to better characterize performance of various products and provide basis for product integration. Baik, Liaqat, and Choi (2018) evaluated uncertainties among four widely available ET (GLDAS, GLEAM, MOD16, and MERRA) products.
Efforts have also been made to integrate multiple algorithms or products for producing better ET estimation using various methods, such as Kalman filter (Pipunic, Walker, and Western 2008) , Bayesian model averaging (BMA) (Vinukollu et al. 2011; Yao et al. 2014) , supporting vector machine (Yao et al., "Improving Global Terrestrial Evapotranspiration Estimation," 2017) , empirical orthogonal functions (EOF) , simple Taylor skill's score (STS) , "Estimation of High-Resolution Terrestrial Evapotranspiration," 2017), triple collocation , and maximizing temporal correlation .
Based on simple satellite algorithms, land surface model (LSM) simulations driven with observation-based forcing, reanalysis data, and IPCC AR4 simulations from 11 GCMs from 1986 to 1995, Several studies have focused on ET trends in recent decades and have revealed large discrepancies in the direction and cause of these changes. Based on a data driven ET dataset, Jung et al. (2010) found an increased trend from 1982 to 1997 consistent with the expected acceleration of the hydrological cycle caused by an increased evaporative demand associated with rising radiative forcing and temperatures. They also found a decreased trend from 1998 to 2008, which was attributed to a concurrent reduction in soil water availability in the Southern Hemisphere. Miralles et al. (2014) revealed that ET estimated from satellite observations has increased in northern latitudes at rates consistent with expectations derived from temperature trends from 1980 to 2011, but the dynamics of the El Niño/Southern Oscillation (ENSO) have dominated the multi-decadal variability of ET at the global scale. Some studies (Jasechko et al. 2013; Zhang, Pena-Arancibia, et al. 2016) suggested that the increased ET was dominated by transpiration that is attributed to the greening of land surfaces due to increased CO2 (Zhu et al. 2016 ). For example, Zeng et al. (2018) simulated that the global satellite observed LAI enhancement of 8% between 1981 and 2011 has caused an increases of 12.06 ± 2.4 mm yr −1 in evapotranspiration, about 55% ± 25% of the observed increases in land evapotranspiration. Mao et al. (2015) revealed a significant increasing trend of ET in each hemisphere from 1982 to 2010 using multiple estimates from remote sensing-based datasets and process-oriented land surface models. They also concluded that climate, and in particular, changes in precipitation, was the dominant control of multi-year ET trends and variability. The overall CO2 physiological and structural effect led to decreasing plants transpiration and the total ET, especially in areas where vegetation was dense, and nitrogen deposition and land use change on ET were less important and acted locally. Duethmann and Blöschl (2018) analyzed the ET trends over 156 catchments in Austria from 1977 to 2014 and found 60% of the catchments (p ≤ 0.05) with an average increase of 29 ± 14 mm y −1 decade −1 (± standard deviation) or 4.9 ± 2.3% decade −1
. They attributed 38 ± 13% of the observed increase in catchment evapotranspiration to increased atmospheric demand and available energy, 30 ± 12% to increased vegetation activity, and 32 ± 5% to increased soil moisture due to increases in precipitation. Li, He, et al. (2018) determined an increased trend of ET in China with a rate of 10.7 mm yr −1 per decade from 1982 to 2015 (p < 0.05) although about 22% of the area showed a decreasing trend in ET likely due to decreasing precipitation and/or vegetation browning. Bentamy et al. (2017) found out that RMSD among three satellite remote sensing products (IFRE-MER, SEAFLUX and J-OFURO) products are about 30 and 7 Wm −2 for latent heat flux and sensible heat flux, respectively.
Remote sensing cannot accurately estimate sensible heat flux. Given net radiation and latent heat flux, the global climatological value of sensible heat flux can be inferred. Wild et al. (2015) calibrated the CMIP5 model simulations using surface measurements and estimated the sensible heat flux of land, ocean and globe to be 32, 16, and 20.7 Wm .
Challenges and outlook
Remote sensing of Earth's energy budget (EEB) by monitoring their mean and variability in both space and time provides insight into the overall behavior of the climate system and also helps us understand the climate consequences of anthropogenic activities. This paper has reviewed the historical development in satellite observing capabilities of EEB and synthesized our recent understanding of the spatio-temporal variations in all relevant EEB components at both the top-of-atmosphere (TOA) and the surface. Significant progress in estimating EEB from satellite observations has been made in the past half century, but satellite estimation of EEB still has large uncertainties. For example, most recent studies expect the TOA energy imbalance to be within 0.5-1 Wm . Satellite estimation of EEB is based on three individual radiative fluxes (incident solar, reflected shortwave and emitted longwave radiation). As these fluxes are of the order of hundreds of Wm −2 , their difference, characterizing the energy imbalance, is too small to be estimated accurately so that the accuracy of 0.1 Wm −2 required by the GCOS (GCOS 2016) would be difficult to meet. The radiometric calibration errors of the satellite sensors also make it impossible to estimate the residual accurately. The ocean heat content (OHC) data have been used to anchor the satellite estimates. More efforts are needed to improve the accuracy of estimating EEB components as well as the overall energy imbalance. Other independent approaches should be continuously pursued, including measurements of radiation pressure or atmospheric oxygen (O 2 ) and carbon dioxide (CO 2 ).
Various satellite sensors have been used to estimate EEB. Traditionally, broadband sensors (e.g. CERES) have been used to serve this purpose. However, enormous efforts have been undertaken to estimate the individual EEB components from multispectral satellite sensors, which can help reduce the estimation uncertainty and also possibly extend the data record back to the early 1980s. Unfortunately, the current observing satellite systems with multispectral sensors were not planned in a comprehensive, focused manner required to adequately monitor the long-term EEB variability.
NASA cancelled the Radiation Budget Instrument (RBI) sensor,a scanning radiometer capable of measuring Earth's reflected sunlight and emitted thermal radiation scheduled to be on NOAA's JPSS-2 mission in 2021, because of the cost overruns. Therefore, it is still uncertain if the US will maintain the long-term global continuous broadband data records although the effort is being made to develop a lower cost alternative through the new Earth Venture-Continuity (EV-C) program (NASA 2018) .
There are multiple broadband sensors aboard the geostationary satellites and also numerous narrowband sensors in both geostationary and polar-orbiting satellites, but these satellites are operated by different agencies and countries. Better planning and coordination through improved international cooperation will be essential for monitoring global EEB to ensure improved accuracy and consistency. Constellation of satellites may be a way to improve the estimation accuracy. Based on idealized simulations, Gristey et al. (2017) determined that a baseline constellation of 36 satellites is needed to estimate the global daily mean reflected solar radiation and OLR with the error of 0.16 Wm −2 and −0.13 Wm −2
. In fact, the constellation of small satellites for the EEB has been recently proposed (Meftah, Keckhut, et al. 2018) , but more urgent studies are needed on virtual constellation, 'a coordinated set of space and/or ground segment capabilities from different partners that focuses on observing a particular parameter or set of parameters of the Earth system' as defined by the Committee of Earth Observation Satellite (CEOS) (https://agupubs.onlinelibrary.wiley.com/ doi/full/10.1002/2017EF000627). Virtual constellations of planned and existing satellite sensors may help avoid any data gaps, improve the estimation accuracy, and ultimately overcome the underlying limitations of data availability and tradeoffs that govern the design and implementation of any single satellite sensor. While integrating observations from multiple satellite sensors is not new, the integration and harmonization of multi-sensor data is still challenging (Wulder et al. 2015) .
Well-calibrated satellite data are a prerequisite for reliable quantification of EEB, but some earlier missions did not have onboard calibration devices and complicated calibration procedures were executed to address the degradation of onboard optical devices over time. For TOA radiation budget, Ohring et al. (2005) recommend a long-term stability of 0.3 Wm −2 per decade for shortwave and 0.2 Wm −2 per decade for longwave at the 95% confidence level. Loeb et al. (2016) demonstrated that the TOA fluxes from CERES fall within these stability requirements. The Climate Absolute Radiance and Refractivity Observatory (CLARREO) aims to provide an inorbit reference calibration standard for other satellite sensors. It is hoped that CLARREO will have enhanced absolute accuracy and stability compared to existing satellite instruments. Note that CLARREO will only provide shortwave irradiance and the similar system may be needed for longwave irradiance although most on-board blackbody calibrators can provide accurate radiometric calibration. Inter-calibration of multiple narrowband sensors is even more required because many sensors do not have in-flight calibration devices and are not even regularly calibrated using postflight vicarious calibration techniques.
For the time series of radiative fluxes estimated from satellite observations, changes in sensors and/or retrieval algorithms can also affect their consistency and stability besides satellite drifts and sensor radiometric calibration. Various methods have been developed to detect any artificial changes (Reeves et al. 2007 ). Brinckmann, Trentmann, and Ahrens (2014) applied three of the statistical tests to detect any break-like inhomogeneities of the CM-SAF incident solar radiation product from geostationary satellite observations, and found heterogeneities between 1988 and 1990 when the problematic Metersat-3 was used by comparing with reanalysis data. Sanchez-Lorenzo, Wild, and Trentmann (2013) conduced a comprehensive test on the same satellite product using the GEBA surface measurements as reference and found the inhomogeneous problem in the product before 1994. Krähenmann et al. (2013) detected the breaking points using these tests and proposed a homogenization methodology to correct the mean shifts between the breaking points based on the statistical relationship between satellite products and ground measurements. The challenge is that any homogenization methods should not remove the actual trends , such as those dimming and brightening periods as discussed in Section 4.1.
Most of the developed estimation algorithms are intended for the specific satellite data and a specific variable. Various approaches have been developed to estimate the parameter through algorithm ensembles or integration of the estimates from the individual algorithms . Progress has been made to integrate multiple satellite data (Ma, Liu, et al. 2017 ) and estimate a group of variables simultaneously through data assimilation approaches (Lewis et al. 2012; Ma et al. 2018; Shi, Xiao, et al. 2016; Shi et al. 2017; Xiao et al. 2015) . In light of virtual constellation, research in this direction deserves special attention. Integrating multiple satellite data from both multispectral and broadband sensors needs further exploration.
There are still large differences in estimating the surface radiation budget from various studies. The difference is even greater when redistributing net radiation into sensible and latent heat fluxes. One challenging issue is that most global satellite products have not taken into account the effects of surface topography yet. It has been demonstrated that surface topography can significantly affect the estimation of incident short wave radiation (Wang, Yan, et al. 2018; Wu et al. 2018 ) and surface albedo . Another challenging issue is that existing global satellite products have pixel size much larger than the footprints of ground-based flux measurements, making it difficult to assess the accuracy of satellite radiation products over heterogeneous landscapes (Cescatti et al. 2012) . With more attentions to developing the high-spatial resolution satellite data products, the effects of surface topography and heterogeneity have to be properly addressed. Schwarz et al. (2018) conducted a comprehensive analysis on the representativeness of point observations of incident solar radiation on the monthly mean time scale. Lohmann (2018) provided a comprehensive review on the recent advances in the characterization of incident solar radiation variability mainly on small spatial and temporal scales. Upscaling surface 'point' measurements to the coarse resolution pixel using high-resolution satellite estimates (Liang et al. 2002) , as illustrated in Figure 6 , is probably the only feasible approach now for addressing the heterogeneity issue. Besides characterizing the uncertainties of satellite products using ground measurements, intercomparison of different products of the same radiative flux is also extremely important.
As more and more algorithms have been proposed and multiple products of the same variable are generated, it is important to assess their quality and accuracy using surface measurements. There are different measurement networks at the land surface, but additional networks and instrumentation are still needed in complex terrain or those areas currently insufficiently sampled. Different measurement methods for the same quantity need to be cross calibrated. found out the method measuring the total incident solar radiation at surface produces a different trend from measuring direct and diffuse components separately. Instrument changes may also cause changes in measurements at long-term observation sites (Yang, Wang, and Wild 2018) . Figure 6 . Illustration of validating MODIS land surface albedo using high-resolution imagery (Liang et al. 2002) .
There are usually multiple satellite products for each EEB component. All products have uncertainties, and some contain data gaps in both space and time. An important research area is the integration of multiple satellite products of the same variable. This has several advantages: (1) improving accuracy, since the integrated product is highly likely to be more accurate than the individual products that are first 'calibrated' by the surface measurements; (2) enhancing data quality, since many data gaps can be effectively filled; and (3) producing more complete spatial and temporal coverage if high-spatial-resolution and low-temporal-resolution products are integrated with low-spatial-resolution and high-temporal-resolution products. Many methods for integrating the multiple high-level products have been explored , such as Empirical orthogonal functions (EOF) for integrating the evapotranspiration products , the Multi-resolution Tree (MRT) method for integrating multiple products of land surface broadband albedo (He et al., "Fusion of Satellite Land Surface," 2014) and land surface emissivity ), and Bayesian model averaging (BMA) method for integrating longwave downward radiation at surface and surface latent heat flux products Yao et al. 2014) .
Large differences/ between satellite products and model simulations continue to exist. Because satellite products are more accurate while the model simulated data cover much longer temporal range, calibrating the models using satellite products may produce long time series EEB datasets .
In short, current estimates of the energy fluxes at the TOA and the surface directly from satellite observations have not been able to meet the accuracy requirements. However, with both broadband and numerous multispectral narrowband sensors acquiring a huge amount of observations and many innovative inversion methods consistently proposed, we will improve the estimation of energy fluxes significantly. It has been widely thought that the energy budget, particularly the heat fluxes (latent and sensible), at the surface has larger uncertainties, which requires us to improve many aspects of surface measurements, satellite data retrieval and integration with model simulations. Our current estimates of the TOA energy imbalance largely rely on the CERES products anchored by the ocean heat content measurements. Multispectral narrowband data and other approaches may provide the potential of independent estimates.
